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Abstract 
Non-catalytic biodiesel production in supercritical methanol (SCM) and supercritical ethanol (SCE) was conducted using spiral 
reactor. The experimental data were used to create artificial neural network (ANN) model in order to predict biodiesel yield. The 
results showed that ANN was the powerful tool to estimate biodiesel yield that was proven by a high value (0.9980 and 0.9987 in 
SCM and SCE, respectively) of R and a low value (2.72×10-5, 1.68×10-3, and 2.30×10-3 in SCM and 2.24×10-4, 4.49×10-4, and 
5.03×10-4 in SCE for training, validation, and testing, respectively) of mean squared error (MSE). For biodiesel production in 
SCM, the highest yield of biodiesel was determined of 1.01 mol/mol corresponding to the actual biodiesel yield of 1.00 mol/mol 
achieved at 350 °C, 20 MPa within 10 min; whereas, for SCE, the highest yield of biodiesel was observed of 0.97 mol/mol 
corresponding to the actual biodiesel yield of 0.96 mol/mol achieved at 400 °C, 20 MPa within 25 min. 
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1. Introduction 
Global warming, environmental pollution, and depletion of world petroleum reserves have attracted to the search 
for suitable renewable energy. Biodiesel is one of promising renewable energy derived from several feedstocks such 
as animal fats, edible and non-edible oil, waste cooking oil, and algae. Basically, biodiesel can be synthesized 
through transesterification reaction between triglyceride and short chain alcohols via catalytic or non-catalytic 
method. The drawbacks of catalytic transesterification route used acid, base, and enzymatic catalysts mainly due to 
the generation of by-product and waste water, high enzyme cost, slow reaction process, low free fatty acid (FFA) 
and water content requirement, and so on. Non-catalytic transesterification route has superiority compared to the 
catalytic transesterification methods involving short reaction time, no waste water, and easier product purification1,2.  
The modeling of biodiesel production to predict the effect of process parameters such as temperature, pressure, 
molar ratio of reactant to oil, and reaction time on biodiesel yield have moved from the complex analytical 
equations, costly and time consuming trial and error searches to powerful and efficient methods. Artificial Neural 
Networks (ANN), one of the most widely technique to classify and to predict the response, has been proven to be far 
more effective at forecasting than more conventional linear techniques such as regression analysis. During the past 
few years, this method had been successfully applied in different areas of engineering and science due to its 
capability to analyze incomplete data3. 
A computational neuron was actually adopted from a biological neuron that was firstly introduced by McCulloch 
and Pits4. This biological neuron has main parts including dendrites, synapse, cell body, nucleus, and axon. 
Similarly, a computational neuron has input layer, hidden layer, and output layer as shown in Fig 1. The input layer 
used in this study were temperature, pressure, reaction time, and oil-to-alcohol (methanol or ethanol) molar ratio; 
whereas, the output layer was biodiesel yield. The number of hidden neuron form 2 to 20 was elucidated by a 
heuristic procedure in order to obtain the best hidden neuron.  
 
Fig. 1. A schematic of computational neuron adopted from a biological neuron. 
Several studies have been conducted in the field of biodiesel to predict response using ANN5,7. However, the 
studies about these are still limited. There has been no study in ANN approach to predict biodiesel yield conducted 
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under supercritical conditions. The objective of this study is to determine the highest yield of biodiesel in SCM and 
SCE conducted using spiral reactor. In this study, four input factors consisted of reaction temperature, pressure, time 
and oil-to-alcohol molar ratio, and one output response, biodiesel yield, were included into the optimization study.    
 
Nomenclature 
dp predicted output 
MSE mean squared error 
Op calculated output 
P total number of training data 
R coefficient of determination 
 
2. Material and Methods 
2.1. Biodiesel production in SCM and SCE 
The experiments for non-catalytic biodiesel production in supercritical methanol and ethanol were carried out in 
spiral reactor made of stainless-steel tubing (SS316) with an inner diameter of 2.17 mm. This spiral reactor was 
equipped with thermocouples connected with a union tee fitting to measure temperatures inside the reactor. The 
length of the reactor portion was 10.0 m and the heat exchanger was 2.5 m. This spiral reactor was buried in heat 
transfer cement with a cartridge heater in the center of the spiral reactor.  
Oil and alcohol (methanol or ethanol) were fed to the reactor using a high-pressure pump. Subsequently, the 
pressure was increased to 20 MPa using a back-pressure regulator. The samples were collected after achieving 
steady state. The obtained products were removed from the reactor after passing through the filter and back-pressure 
regulator.  
The experiments were conducted at different temperatures (270‒400 °C), pressure (10 and 20 MPa), and oil-to-
alcohol molar ratio (1:20 and 1:40). The transesterification reaction was carried out over 3 to 30 min.  
2.2. Analytical methods 
The procedure of analytical methods had been reported in our previous paper [8]. Briefly, the analysis of product 
biodiesel was carried out using gas chromatography (GC-390B; GL Sciences) installed with Supelco MET-
Biodiesel with integrated 2 m guard column, Sigma Aldrich, and equipped with a flame-ionization detector (FID). 
Argon was used as the carrier gas with initial oven temperature at 50 °C held at this temperature for 1 min. The 
temperature was subsequently increased to 250 °Cat a rate of 15 °C/min and was kept at this temperature for 10 min. 
Finally, the temperature was increased to 380 °C at a rate of 15 °C/min and held for 5 min. Both standard and 
sample volumes of 1 μL were injected, and peak identification was made by comparison of retention times between 
the standard and sample compounds.   
Biodiesel yields from the experimental results were calculated by dividing the moles of product biodiesel by 
moles of fatty acid group in the initial triglyceride (TG) as shown in Eq.1. In addition, product concentration was 
calculated using calibration curve on the basis of peak area.  
 
Biodiesel yield = 
mol of product biodiesel
 mol of fatty acid group in initial triglyceride 
      (1) 
2.3. ANN modeling 
The biodiesel yields obtained from experimental investigation were used for network training to create the 
network model using MATLAB R2013a software. Lavenberg-Marquardt back propagation algorithm was used in 
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training process since it can achieve the highest R2 and lowest standard deviation and mean square errors compared 
to any other algorithm7.  
In ANN modeling, the data were randomly partitioned into 3 subsets, namely training, validation, and testing 
data. Firstly, training stage, 70 % of data were randomly chosen from the experimental data set, and the weighted 
parameters of the connections were elucidated until minimum value of mean squared error (MSE) between 
experimental and predicted biodiesel yield was achieved. The MSE value is defined in Eq. 2: 
 
 
MSE =             (2) 
 
where; dp is desired output, Op is calculated output, and P is the total number of training data. Secondly, testing 
stage, 15 % of data were randomly selected to test the “trained” ANN, and the ANN used the weighted parameters 
determined during the first stage. Lastly, validation stage, 15 % of remaining data subsets were used to validate the 
final estimation of biodiesel yield by the ANN developed in the two stages as mentioned previously. The 
performance of the ANN was confirmed based on the coefficient of determination (R) and mean squared error 
(MSE). The training parameters of ANN used for estimation of biodiesel yields in SCM and SCE are presented in 
Table. 1.  
 
Table 1. The training parameters of ANN used for estimation of biodiesel yields.  
Property Value 
Algorithm Lavenberg-
Marquardt back propagation 
Minimized error function Mean squared 
error (MSE) 
Number of input neurons 4 
Number of hidden 
neurons 
2-20 
Number of output 
neurons 
1 
 
3. Results and Discussion 
3.1. ANN modeling 
Fig. 2 shows the heuristic determination of the optimum number of hidden neuron based on R and MSE values 
for both supercritical methanol and ethanol. It was found that the optimum number of hidden neurons for 
supercritical methanol was 17, gave the highest R values of 0.9998, 0.9978, and 0.9984 and the lowest MSE values 
of 2.72×10-5, 1.68×10-3, and 2.30×10-3 for training, validation, and testing, respectively.  
Meanwhile, the optimum number of hidden neurons for supercritical ethanol was 9 with R values of 0.9989, 
0.9969, and 0.9980, and MSE values of 2.24×10-4, 4.49×10-4, and 5.03×10-4 for training, validation, and testing, 
respectively. Therefore, the optimum numbers of neurons that were used to create the network topologies were 4-17-
1 for supercritical methanol and 4-9-1 for supercritical ethanol, representing the neuron numbers in the input layer, 
the hidden layer, and the output layer, respectively.  
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Fig. 2. Heuristic determination of hidden neurons based on R for (a) supercritical methanol (SCM) and (b) supercritical ethanol (SCE), and based 
on MSE for (c) SCM and (b) SCE. 
 
The assessment of MSE values for training, validation, and testing with the best topology of 4-17-1 for 
supercritical methanol and 4-9-1 for supercritical ethanol using Lavenberg-Marquardt algorithm is shown in Fig. 3. 
As observed in this figure, the MSE values in the training set decreased rapidly to a small value.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 (a) (b) 
 
 
Fig.3. MSE values of training, validation, and testing for (a) SCM and (b) SCE. 
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3.2. Prediction of biodiesel yield by ANN 
The coefficient of determination (R) between the experimental and predicted values of fatty acid methyl ester 
(FAME) yield is one indicator to check the validity of ANN model. Fig. 4 shows the experimental versus the 
predicted FAME yield values of developed ANN with the 4-17-1 topology in supercritical methanol (SCM). The R 
values for training, validation, testing, and all obtained using ANN model are 0.9998, 0.9978, 0.9984, and 0.9980, 
respectively. Since the R values obtained in this study are greater than 0.99, it can be confirmed that ANN model is 
successfully able to predict FAME yield conducted in SCM. In addition, as shown in this figure and as suggested by 
R values, the experimental data come in a good agreement with the FAME yield predicted by ANN. 
 
Fig. 4. Comparison between the experimental values and FAME yield predicted by ANN in SCM. 
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For biodiesel production in supercritical ethanol, the experimental versus the predicted fatty acid ethyl ester 
(FAEE) yield values of developed ANN with the 4-9-1 topology is presented in Fig. 5. As shown in this figure and 
as suggested by R values, the calculated FAEE yield using ANN model in supercritical ethanol (SCE) agree very 
well with the experimental values. The R values obtained by employing ANN model for biodiesel production in SCE 
were 0.9989, 0.9969, 0.9980, and 0.9987 for training, validation, testing, and all, respectively.  
 
 
 
 
Fig. 5. Comparison between the experimental values and FAEE yield predicted by ANN in SCE. 
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Table 2 shows the experimental and predicted yield of biodiesel yield in supercritical methanol by ANN using 
Lavenberg-Marquardt back propagation. As shown in this table, the highest yield of biodiesel in supercritical 
methanol was determined of 1.01 mol/mol corresponding to the actual biodiesel yield of 1.00 mol/mol that was 
achieved at 350 °C, 20 MPa within 10 min.  
Table 2. Experimental and predicted yield of biodiesel in SCM by neural network using Lavenberg-Marquardt back propagation. 
Run 
Variables Experimental 
Yield [-] 
Predicted 
Yield [-] Error Temperature [°C] 
Pressure 
[Mpa] 
Reaction time 
[min] Methanol/Oil 
1 270 20 3 40 0.0909 0.0899 0.0010 
2 270 20 5 40 0.1985 0.1857 0.0128 
3 270 20 10 40 0.4127 0.4092 0.0035 
4 270 20 15 40 0.5885 0.5942 0.0057 
5 270 20 20 40 0.7424 0.7339 0.0085 
6 270 20 25 40 0.8289 0.8339 0.0050 
7 270 20 30 40 0.9250 0.9266 0.0016 
8 300 20 3 40 0.2337 0.2382 0.0045 
9 300 20 5 40 0.4291 0.4146 0.0145 
10 300 20 10 40 0.8235 0.7967 0.0268 
11 300 20 15 40 1.0000 1.0037 0.0037 
12 300 20 20 40 1.0000 1.0006 0.0006 
13 300 20 25 40 1.0000 0.9960 0.0040 
14 300 20 30 40 1.0000 0.9989 0.0011 
15 350 20 3 40 0.6833 0.6852 0.0019 
16 350 20 5 40 0.8839 0.8683 0.0156 
17 350 20 10 40 1.0000 1.0118 0.0118 
18 350 20 15 40 0.9712 0.9801 0.0089 
19 350 20 20 40 1.0000 0.9918 0.0082 
20 350 20 25 40 1.0000 1.0000 0.0000 
21 350 20 30 40 0.9749 0.9760 0.0011 
22 400 20 3 40 1.0000 0.9981 0.0019 
23 400 20 5 40 1.0000 0.9977 0.0023 
24 400 20 10 40 1.0000 0.9999 0.0001 
25 400 20 15 40 1.0000 1.0004 0.0004 
26 400 20 20 40 1.0000 0.9994 0.0006 
27 400 20 25 40 1.0000 1.0227 0.0227 
28 400 20 30 40 1.0000 1.0687 0.0687 
29 325 10 3 20 0.0541 0.0141 0.0682 
30 325 10 5 20 0.1036 0.0462 0.0574 
31 325 10 10 20 0.2409 0.2071 0.0338 
32 325 10 15 20 0.4105 0.4105 0.0000 
33 325 10 20 20 0.5009 0.5395 0.0386 
34 325 10 25 20 0.6108 0.6278 0.0170 
35 325 10 30 20 0.7409 0.7403 0.0006 
36 325 20 3 20 0.1030 0.1033 0.0003 
37 325 20 5 20 0.2514 0.1721 0.0793 
38 325 20 10 20 0.3710 0.3707 0.0003 
39 325 20 15 20 0.4992 0.4988 0.0004 
40 325 20 20 20 0.6015 0.5997 0.0018 
41 325 20 25 20 0.7311 0.7540 0.0229 
42 325 20 30 20 0.7915 0.7901 0.0014 
 
 
Table 3 presents the experimental and predicted yield of biodiesel in SCE by ANN using Lavenberg-Marquardt 
back propagation. As shown in this table, the optimum yield of biodiesel was observed of 0.97 mol/mol 
corresponding to the actual biodiesel yield of 0.96 mol/mol that was achieved at 400 °C, 20 MPa within 25 min. 
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Table 3. Experimental and predicted yield of biodiesel in SCE by neural network using Lavenberg-Marquardt back propagation. 
Run 
Variables Experimental 
Yield [-] 
Predicted 
Yield [-] Error Temperature [°C] 
Pressure 
[MPa] 
Reaction time 
[min] Ethanol/Oil 
1 270 20 3 40 0.0215 0.0195 0.0020 
2 270 20 5 40 0.0430 0.0299 0.0131 
3 270 20 10 40 0.0865 0.0809 0.0056 
4 270 20 15 40 0.1302 0.1363 0.0061 
5 270 20 20 40 0.1733 0.1769 0.0036 
6 270 20 25 40 0.2428 0.2317 0.0111 
7 270 20 30 40 0.2969 0.2972 0.0003 
8 300 20 3 40 0.0532 0.0483 0.0049 
9 300 20 5 40 0.0916 0.0960 0.0044 
10 300 20 10 40 0.2395 0.2395 0.0000 
11 300 20 15 40 0.3502 0.3423 0.0079 
12 300 20 20 40 0.4775 0.4648 0.0127 
13 300 20 25 40 0.5929 0.5990 0.0061 
14 300 20 30 40 0.6445 0.6785 0.0340 
15 350 20 3 40 0.3631 0.3860 0.0229 
16 350 20 5 40 0.5869 0.5230 0.0639 
17 350 20 10 40 0.7569 0.7571 0.0002 
18 350 20 15 40 0.7893 0.8309 0.0416 
19 350 20 20 40 0.8943 0.8914 0.0029 
20 350 20 25 40 0.9287 0.9282 0.0005 
21 350 20 30 40 0.9368 0.9154 0.0214 
22 400 20 3 40 0.8604 0.8227 0.0377 
23 400 20 5 40 0.9129 0.9024 0.0105 
24 400 20 10 40 0.9273 0.9251 0.0022 
25 400 20 15 40 0.9297 0.8918 0.0379 
26 400 20 20 40 0.9383 0.9287 0.0096 
27 400 20 25 40 0.9588 0.9726 0.0138 
28 400 20 30 40 0.9585 0.9568 0.0017 
29 325 10 3 20 0.0291 0.0225 0.0066 
30 325 10 5 20 0.0501 0.0513 0.0012 
31 325 10 10 20 0.0998 0.1002 0.0004 
32 325 10 15 20 0.1601 0.1570 0.0031 
33 325 10 20 20 0.1895 0.1912 0.0017 
34 325 10 25 20 0.2496 0.2345 0.0151 
35 325 10 30 20 0.3005 0.2997 0.0008 
36 325 20 3 20 0.0761 0.0750 0.0011 
37 325 20 5 20 0.0899 0.1050 0.0151 
38 325 20 10 20 0.1874 0.1876 0.0002 
39 325 20 15 20 0.2501 0.2496 0.0005 
40 325 20 20 20 0.3015 0.2989 0.0026 
41 325 20 25 20 0.3501 0.3549 0.0048 
42 325 20 30 20 0.4205 0.4191 0.0014 
 
4. Conclusion 
In this study, biodiesel yields in supercritical methanol and ethanol using spiral reactor were predicted using ANN 
model. The results showed that ANN model is successfully able to predict biodiesel yield in both supercritical 
methanol and ethanol that was proven by high R values and low MSE values. For supercritical methanol case, the 
R(0.9998, 0.9978, 0.9984) and MSE (2.72×10-5, 1.68×10-3, and 2.30×10-3) values for training, validation, and testing 
of biodiesel yields were obtained. Meanwhile, for supercritical ethanol case, the R(0.9989, 0.9969, 0.9980) and MSE 
(2.24×10-4, 4.49×10-4, and 5.03×10-4) values for training, validation, and testing of biodiesel yields were obtained. In 
addition, using ANN model, the highest yield of biodiesel in supercritical methanol was determined of 1.01 mol/mol 
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corresponding to the actual biodiesel yield of 1.00 mol/mol that was achieved at 350 °C, 20 MPa within 10 min; 
whereas, the highest yield of biodiesel in supercritical ethanol was observed of 0.97 mol/mol corresponding to the 
actual biodiesel yield of 0.96 mol/mol that was achieved at 400 °C, 20 MPa within 25 min. 
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